Abstract: Localizing the source of an epileptic seizure using noninvasive EEG suffers from inaccuracies produced by other generators not related to the epileptic source. The authors isolated the ictal epileptic activity, and applied a source localization algorithm to identify its estimated location. Ten ictal EEG scalp recordings from five different patients were analyzed. The patients were known to have temporal lobe epilepsy with a single epileptic focus that had a concordant MRI lesion. The patients had become seizurefree following partial temporal lobectomy. A midinterval (ϳ5 seconds) period of ictal activity was used for Principal Component Analysis starting at ictal onset. The level of epileptic activity at each electrode (i.e., the eigenvector of the component that manifest epileptic characteristic), was used as an input for low-resolution tomography analysis for EEG inverse solution (Zilberstain et al., 2004) . The algorithm accurately and robustly identified the epileptic focus in these patients. Principal component analysis and source localization methods can be used in the future to monitor the progression of an epileptic seizure and its expansion to other areas.
pilepsy is a brain disorder characterized by recurrent seizures stemming from abnormal electrical behavior of brain cells. Surgery that removes the epileptogenic region is the preferred treatment for some patients with intractable epilepsy. The epileptogenic region is defined as the smallest brain area whose removal results in cessation of seizures (Engel, 1993) . Localizing the epileptic focus is a long and expensive task and usually combines findings obtained by multiple techniques (e.g., video-EEG, MRI, positron emission tomography, single photon emission computed tomography, magnetoencephalography; Luders et al., 1992; Rosenow and Luders, 2001) . The idea of accurately localizing an epileptic focus using EEG is appealing due to the noninvasive nature of EEG and its low cost. Several methods have been studied in an attempt to solve the generic EEG inverse problem, and some work has been devoted to the specific clinical application of localizing an epileptic focus. These so-called source localization methods vary in the relevant features extracted and in the time scale assumed to be needed for correct localization of the source (Koles, 1998; Lantz et al., 2001; Michel et al., 2004) .
Seizure recordings make it possible to use ictal periods to estimate the location of the epileptic focus (Michel et al., 2004) . Most of the inverse algorithms designed to find the origin of the electrical activity in a brain model with data from scalp EEG electrodes at a given point of time (Pascual-Marqui, 1999) . Computerized source localization methods can use short episodes (ϳ50 milliseconds) of spatiotemporal EEG data to extract the relevant feature of a typical spike. These features are entered into an inverse algorithm. For ictal recording periods, spatiotemporal dipole modeling techniques can identify the epileptic activity at seizure onset, and use either the characteristics of the spikes (e.g., minima and maxima), or the characteristics of the averaged data of similar spikes (Michel et al., 2004; Scherg, 1990; Scherg and Hoechstetter, 2003) . Other methods such as power maps (Michel et al., 2004) use the temporal information contained in the rhythmic ictal frequencies. This is done by calculating the power of a selected typical seizure frequency (e.g., fast Fourier transform) in a given period (ϳ2 seconds). Several algorithms are available to use these power maps to extract a value that characterizes each electrode during the relevant periods of the seizure. This characteristic information is then entered into an inverse algorithm to derive the source of the target rhythmic electrical brain activity (Blanke et al., 2000; Lantz et al., 2001; Worrell et al., 2000) .
Componential analyses, principal component analysis (PCA) and independent component analysis (ICA) are widely used in cleaning EEG data Onton et al., 2006; Richards, 2004; Vig'ario et al., 2000) . These computational methods are aimed at identifying specific components or waveforms of the EEG that are orthogonal (PCA) or statistically independent (ICA) of others and contain relevant information rather than noise. Componential analyses have also been implemented for isolation of epileptic spikes (Kobayashi et al., 1999; Urrestarazu et al., 2004 Urrestarazu et al., , 2006 or seizures (Lagerlund et al., 2004; Nam et al., 2002) . In these methods, corresponding topographic maps are calculated for each component. Marco-Pallar'es et al. (2005) combined ICA and the low-resolution tomography analysis (LORETA) inverse solution to analyze the spatiotemporal dynamics of the event-related brain potential mismatch negativity brain wave. These authors isolated different activation sources identified with ICA and located each source by LORETA.
In the case of raw EEG data the statistical analyses required to identify statistical independence in ICA are based on long sections of EEG around the time of the seizure onset, e.g., 80 seconds (Nam et al., 2002) or k*n 2 samples, where n represents the number of electrodes and k is a scalar (Onton et al., 2006) . For PCA the rule of thumb is 10*n samples (Unsworth et al., 2006) . If one has 20 electrodes sampled at 200 Hz, the EEG length needed for ICA, according to Onton et al. (2006) , is approximately 30 seconds whereas just a few seconds are needed for PCA, according to Unsworth et al. (2006) . In line with the approach suggested by Marco-Pallar'es et al. (2005) we combined PCA and LORETA to improve source localization. Thus, alongside componential methods that aim at depicting characteristic seizure information differentiated from background and noise, we used the linear combination that created the relevant component for source localization.
In the present study, the multichannel EEG data was transformed into uncorrelated temporal waveforms using PCA. Relevant waveforms that manifested seizure activity were then identified. The results of the PCA included the same number of uncorrelated temporal components as the original channels as well as the contribution of each electrode to the transformed components (relative coefficients/eigenvectors). The relative coefficients of the components that manifested epileptic activity were entered into the LORETA inverse solution (Pascual-Marqui et al., 1994) . The statistical analysis for this PCA-LORETA algorithm required a few seconds of raw EEG data, (ϳ5 seconds); in other words, data that are long enough to provide statistically reliable information for spatiotemporal analysis, and short enough to enable source localization at seizure onset. Following the PCA-LORETA algorithm three analyses were conducted: a robustness analysis, to identify the seizure's source by testing the consistency of estimated sources to time shifts around seizure onset, a stability analysis, to examine the sensitivity of the full LORETA solution to time shifts changes around seizure onset; and a similarity analysis, testing the match between the full LORETA solutions from different seizures that were recorded from the same patient. The presence of similarity indicates that the relative coefficient of the components that manifest epileptic activity represents a characteristic of the seizure of a specific patient.
METHODS

Patients
Ten seizures from five patients with focal temporal lobe epilepsy were selected. All patients had seizure-free history following surgery (Table 1) . Patients were 24 to 38 years old. All patients had complex partial seizures, with occasional generalization. MRI findings were compatible with mesial temporal sclerosis. All patients were evaluated before surgery using scalp ictal and interictal video-EEG recordings, brain magnetic resonance imaging, and neuropsychological evaluation, and diagnosed as having a single epileptic focus. The patients had been seizure-free for at least 2 years following the surgery. This study was approved by the institutional review board (ethics committee). Informed consent for using the EEG recordings was obtained from all patients. 
Video-EEG Analysis
Seizures were digitally recorded using 23 electrodes placed according to the 10/20 system, including T1, T2, and cheek electrodes (CH1 CH2). Pz was used as a reference electrode. The EEG sampling rate was 200 Hz. Onset of epileptiform activity was identified by two independent readers (M.Y.N. and S.K.), one of whom (M.Y.N.) is a board-certified EEGier.
Data Analysis
Midinterval (ϳ5 seconds) periods of ictal activity were used for analysis. Given the 200 Hz sampling rate, a sample of 5 seconds included 1,000 data points. All EEG recordings were initially filtered using a band pass filter (0.1-70 Hz). Low quality EEG segments (artifacts) were manually excluded from the analysis. The multichannel EEG data were transformed by spatial PCA into uncorrelated temporal waveforms. Twenty of the 22 channels were used. Channels CH1 and CH2 were excluded from the analysis due to lack of accordance with the electrode coordinates template of LORETA. The PCA yields uncorrelated components (the transformed data) equal in number to the number of the original channels and vectors of the contribution of each electrode to each of the transformed components (the transformation matrix/eigenvectors/linear combination/relative coefficients). Thus, the transformed temporal waveforms can be seen as new virtual electrodes. The vector of contributions of each old electrode to the new virtual electrode can be seen as a topographical activation distribution of the old electrodes that create the new virtual electrodes. It must be emphasized that this is simply the proportion of the activation of the old electrodes and not the absolute activation as in the original EEG reading. The transformed vectors are orthogonal to each other, each explaining a different portion of the variance associated with the original multichannel EEG data, and the transformation matrix contains the eigenvectors of the covariance matrix. We call the transformed vector 'components' and the eigenvectors 'spatial coefficients.'
Identification of Ictal Epileptic Components
Five seconds of EEG activity starting from seizure onset were transformed into PCA components. The component representing the seizure was extracted visually. The selected component exhibited characteristic seizure rhythmicity and displayed a wave morphology that was distinctive from the background activity. Characteristic seizure rhythmicity was also identified by applying a FFT (Blanke et al., 2000) .
Inverse Solution
The spatial coefficients of the selected PCA components derived from the original data were used for LORETA (PascualMarqui, 1999; Pascual-Marqui et al.,1994) . LORETA is a tomographic technique that provides a distributed solution to the inverse problem and is based on two constraints: (a) the use of cortical gray matter and the hippocampus, standardized to human brain model; (b) a search for the smoothest of all possible solutions. This tomography approach is frequently used in EEG/event-related brain potential studies (Gomez et al., 2003; Marco-Pallar'es et al., 2005; Michel et al., 2004) . The LORETA software package uses a three-shell spherical head model aligned to the standardized stereotactic space, available as MRI from the Brain Imaging Center (Montreal Neurologic Institute). We used standard 10/20 EEG electrode coordinates as supplied in the LORETA software package. The solution is a reconstruction of the activation of 2,394 voxels with a spatial resolution of 7 mm each (Pascual-Marqui, 1999 ). In the current study, the source of the rhythmic activity was displayed by the PCA component.
Robustness Analysis
Three different locations were tested as the possible estimated source of the epileptic seizure. Those localizations corresponded to the three highest local maxima activation voxels of the full LORETA solution at seizure onset. The following robustness algorithm was used to determine the estimated source.
In an interval of Ϯ5 seconds around seizure onset, 201 segments of 5 seconds. Each (with 0.05 seconds separation) were obtained. The first segment extended from Ϫ5 seconds to onset, the second from Ϫ4.95 to 0.05 seconds, and the last segment extended from 5 to 10 seconds, with respect to seizure onset. Each segment was transformed into PCA components. The component representing epileptic activity was selected as the one that had the highest correlation to the epileptic component identified at onset. A full LORETA solution was obtained for each of these segments, using the spatial coefficients of the selected PCA component (as explained in the previous sections). For each of the obtained distributed solutions, the three highest local maxima activation voxels were selected. Activations that had identical locations to one of the three possible localizations at onset (up to Ϯ10 mm) were maintained. The location that had the highest consistency (i.e., continuous longest survival) on the time period following seizure onset was selected as the estimated seizure source. This period was always greater than 4 seconds.
Stability Analysis
The robustness of the PCA-LORETA algorithm depends on the stability of the LORETA solution. To explore the factors yielding the robustness of the PCA-LORETA results, we tested the stability over time of the full LORETA solution (all 2,394 activation voxels), around seizure onset. A correlation between the full LORETA solution at seizure onset time and the full LORETA solution at all robustness time shifts was calculated.
Similarity Analysis
To test the similarity between different seizures recorded from the same patient, we correlated the full LORETA solutions of the 5 seconds of EEG activity at seizure onset, to each other, across all seizures and patients. Three groups of correlations between the full LORETA solutions were studied: (1) Correlations between full LORETA solutions extracted from different seizures of the same patient; (2) Correlations between full LORETA solutions extracted from different patients with a seizure localized in the same hemisphere (right or left); and (3) Correlations between full LORETA solutions extracted from different patients with a seizure localized on the opposite hemispheres. To test whether the groups were in decreasing correlational order, a nonparametric Jonckheere-Terpstra test was used. In addition, a Mann-Whitney U test was performed to determine the significance of group differences.
RESULTS
Identification of Ictal Epileptic Components
Twenty PCA components were extracted for each ictal EEG section. A typical seizure component was selected based on the displayed characteristic seizure frequency and was confirmed by an EEG expert as depicting EEG characteristics of the specific patient. The chosen components exhibited a wave morphology that was distinctive from the background activity and manifested characteristic rhythmicity (as evidenced by applying a FFT). In 6 of the 10 seizures studied, the first PCA component was the chosen component. In the remaining four cases the Fourier transform ensured that the frequency band related to all the preceding PCA components (i.e., those that preceded the chosen component) was lower than that expected in an epileptic seizure. 
Inverse Solution
The spatial coefficients representing the PCA components selected by the experts were used as inputs for LORETA brain activation distributions. The estimated epileptic source location was extracted from the full LORETA solution using the robustness analysis. All 10 seizure source localizations were in accordance with the surgical procedure localizations. Figure 3 presents the estimated Table 2 presents the source localization results of the PCA-LORETA algorithm for all patients and seizures.
Robustness Analysis
The analysis was performed using 5 seconds of ictal recordings (1,000 data points), in the Ϯ5 seconds interval around seizure onset. PCA components were detected in each analysis and corresponding activations were calculated using the inverse algorithm. The average consistency period of the estimated epileptic source on the ictal, starting at seizure onset (as identified by the EEG expert), was much longer than on the preictal period before onset. The average consistency of the PCA-LORETA solution on the ictal period was continuous activation for 4.90 Ϯ 0.31 seconds; this solution was also active 2.46 Ϯ 1.89 seconds on the mixed preictal and ictal period (i.e., analysis of 5 seconds segments starting from Ϫ5 to 0). Table 2 presents the robustness of the LORETA-PCA solutions for all seizures obtained by the algorithm. There was one exception for seizure 2b, where consistency was interrupted for 0.4 seconds between ϩ0.2 and ϩ0.6 seconds, probably due to artifacts in the EEG data that affected the PCA component.
Stability Analysis
The robustness of the PCA-LORETA algorithm can be attributed to the stability of the spatial coefficients generated by the PCA or the stability of the LORETA solution, or both. The PCA spatial coefficient pattern reflects the proportion of the electrode weights. These proportions generate the component with the epileptic profile and therefore can represent a characteristic of the epileptic seizure. The stability over time of the electrode pattern can be seen in Figure 4 . The figure presents the structures of the spatial coefficient components (the eigenvector) as it changes throughout the Ϯ5 second interval around onset time for seizure 1b. A correlation between the full LORETA solution starting at seizure onset and the full LORETA solution in the interval of Ϯ5 seconds around the seizure onset was calculated. The mean correlation for the full LORETA solution, over all patients, on the 5 second shift after onset was 0.79 Ϯ 0.17. The mean correlation for the 5 second shift before onset was 0.52 Ϯ 0.3. Figure 5 presents the mean correlation of the full LORETA solution at onset time for the full LORETA solution covering the Ϯ5 seconds interval with 0.5 seconds shifts. The results indicate that the stability of the PCA epileptic component and of the full LORETA solution to the PCA spatial coefficient structure over time was higher in the ictal period than in the pre ictal period.
Similarity Analysis
Source localizations by the PCA-LORETA algorithm for different seizures recorded from the same patient were similar (as shown on Table 2 ). These results suggest that the similarity between seizures recorded from the same patient should be higher than the similarity between seizures recorded from different patients. As in the stability analysis, both parts of the algorithm need to be analyzed: the spatial coefficients and the full LORETA solution. Figure  6 shows the similarity of the spatial coefficient structure of seizures recorded from patient 1. The mean correlation of the full LORETA solutions obtained from different seizures of the same patient was 0.85 Ϯ 0.11 and the mean correlation of different patients' full LORETA solutions localized in the same hemisphere was 0.55 Ϯ 0.11. The mean correlation of group 3, the seizure localized in the opposite hemisphere was 0.36 Ϯ 0.17. The groups were in decreasing order (standardized J-T statistic 5.02, P Ͻ 0.001). The Jonckheere-Terpstra test indicated that the correlations in group 1 were higher or equal to the group 2 correlations and the correlations for group 2 were higher or equal to correlations for group 3 and at least one of them was significantly higher. A Mann-Whitney U test confirmed that there was a significant difference between the three groups. There was a difference between the group of correlations from the same patient and the group of correlations from different patients localized in the same hemisphere (U ϭ 90, P Ͻ 0.01) and there was a difference between the correlations for different patients localized in the same hemisphere and the opposite hemisphere correlation group (U ϭ 293, P Ͻ 0.001). The combination of the two tests confirms that the correlations of the full LORETA solution for the same patient were higher than the correlation between different patients even when the seizure was localized in the same hemisphere. The full LORETA solution clearly expresses the similarity between seizures in the same patient and the difference between other patients' seizures (Fig. 7) . 
DISCUSSION
This study provides additional support for the contention that componential analysis and source localization methods can be used successfully for noninvasive source localization of ictal activity (Lagerlund et al., 2004; Leal et al., 2006 Leal et al., , 2008 . In the current study, the sample consisted of five patients who had focal temporal lobe epilepsy with a single epileptic focus as confirmed by a seizure-free history following surgery. This is a small and homogenous sample that will be extended in future studies by examining patients with confirmed epileptic foci in other brain areas. The robustness test shows that the algorithm is consistent following seizure onset time. It yields the same estimated source for more than a 4 second shift after seizure onset. As expected, this robustness can be attributed to the stability of the PCA spatial coefficients over time. The full LORETA solutions obtained from each selected PCA component contained events related to the seizure, other events and noise. This conclusion is based on success in identifying the focus in a few seizures recorded from the same patient, and the fact that the similarity test was significant with a high correlation value (0.85 Ϯ0.11 on average) for different seizures of the same patients. Note that we cannot claim to have isolated seizure without added minor events. Inspecting the values of the stability and the similarity tests of the full LORETA solution (the mean of the correlations was between 0.8 and 0.9 for both tests) suggests that the sensitivity of the LORETA to changes in the PCA spatial coefficient plays a role in the uniqueness of the LORETA solutions for seizures in the same patient in comparison to the LORETA solutions for other patients. A possible explanation for these findings is the nature of the changes of the PCA spatial coefficient. These changes can be attributed to the uniqueness of every seizure, noise, or minor events that are not related directly to the epileptic activity. They therefore enable the source localization and do not detract from the significance of the similarity test.
In the PCA-LORETA algorithm we used PCA to transform multichannel EEG data into spatial patterns and their associated temporal waveforms, which are orthogonal to each other. This method requires only few seconds of raw recordings which are fully used to establish localization. The component that manifests the epileptic activity is extracted from the 20 PCA components. In this work, the spatial coefficients (eigenvectors) were entered into the LORETA to obtain the inverse solution. These coefficients can be entered into any of the existing inverse algorithms to extract the origin of the electrical activity. The type of localization calculated by the inverse algorithm depends on the characteristics of the inverse problem which can be distributed activity with a maximum indicated, or a dipole which is a point at the center-of-mass of the distribution. If the patient's MRI scans are available, an inverse calculation may be applied to these real data. Realistic (MRI-based) scans are suitable especially for a single dominant focus, as was the case in this study (Michel et al., 2004) . This enables a noninvasive presurgical 3D evaluation of source localization that can be implemented inexpensively and online. The decision to use LORETA was based on previous work on epilepsy (e.g., Holmes et al., 2004; Lantz et al., 1997; Worrell et al., 2000; Zumtzag et al., 2006) . The LORETA distributed solution is based on a weighted minimum norm. In this method the solution with a smooth spatial distribution is selected by minimizing the Laplacian of the weighted sources. The physiological reasoning underlying this constraint is that activity neurons in neighboring patches of the cortex is correlated (Pascual-Marqui, 1994; Pascual-Marqui et al., 1999 ). An important feature of LORETA is its time independency, in that it requires just one time sample to generate a combination of sources. This property enables the use of the spatial coefficients as input to the inverse problem solution. Unsworth et al. (2006) showed that by using eigenvalue analysis (Rencher, 2002) it is impossible to determine a low number of generating sources in partial and generalized seizures. However, we believe that each PCA component contains a combination of several sources and events, so that the relevant source that is involved in the seizure development is chosen. When using LORETA one does not need to have any prior assumptions concerning the number of sources.
There is abundant literature on numerical methods for component analysis of EEG/event-related brain potential recordings (Bugli, 2007; Lagerlund et al., 1997; Nam et al., 2002; Spencer et al., 1999; Urrestarazu et al., 2004) . Principal component analysis is a classic technique in statistical data analysis, feature extraction, and data reduction. For a given set of multivariate measurements, the purpose is to find a reduced set of variables with less redundancy that yields as good a representation as possible. Redundancy is measured by correlations between data elements. Thus this analysis is based only on second order statistics (i.e., variability). Independent Component Analysis (ICA) is a technique that accounts for higher order statistics. Independent component analysis can be seen as a generalization of PCA; whereas PCA searches for an orthogonal basis, ICA searches only for independent components. Moreover, PCA is implemented as a preprocessing step in some ICA algorithms. Although ICA is frequently applied in the analysis of ictal EEG recordings, it is numerically complicated and requires many There is significant difference between the three groups. There is a significant difference between the correlations from the same patient and the correlations of different patients localized in the same hemisphere **(U ϭ 90, P Ͻ 0.01) and there is a significant difference between the correlation of different patients localized in the same hemisphere and patients localized to the opposite hemisphere ***(U ϭ 293, P Ͻ 0.001).
data points and lengthy calculations to obtain a reliable analysis (Nam et al., 2002; Onton et al., 2006; Urrestarazu et al., 2004 Urrestarazu et al., , 2006 . Richards (2004) compared PCA and ICA for their ability to recover dipole sources from simulated data. Although ICA had some advantage over PCA in cases of extreme spatial and temporal overlapping of multiple sources, in general, his research provides support for both methods in the study of source localization. In a second study comparing PCA and ICA, Bugli and Lambert (2007) reported that ICA is better when several sources need to be found. Based on these studies and our preliminary testing and since in the current study only a single epileptic focus was localized we chose to use PCA due to its simplicity and low complexity.
To apply PCA the data have to be stationary, i.e., the mixing matrix needs to be constant for the analyzed section (Unsworth et al., 2005 (Unsworth et al., , 2006 . The current analysis was aimed at a single component which is part of the mixing matrix and represents the stationary site of the seizure source. According to the robustness and stability tests stationarity was only needed for the selected PCA component that best represented epileptic activity, because the algorithm finds a stable source and the full mixing matrix stationarity was not required. This property makes longer tracking periods of the seizure characteristics and development possible.
The similarity between the spatial coefficients recorded from the same patient was high due to the characteristics of the epileptic activity of the specific patient. The differences between the spatial coefficients recorded from the same patient were probably due to noise or other events manifested in the selected PCA component. If this assumption is correct, averaging the full LORETA solution of different seizures recorded from the same patient should cancel out the noise and other events that do not relate directly to the seizure and will improve the estimation of the source of the epileptic seizure.
One crucial question concerns the number of electrodes that are required for a reliable EEG source localization. Michel et al. (2004) investigated this issue for solutions to several inverse problem techniques. They found that there is a significant difference between the accuracy of 30 electrodes and 60 electrodes. Currently, most hospitals are still using fewer than 60 electrodes due to practical concerns. It is apparent that more electrodes may improve the accuracy of this algorithm; however, there is a tradeoff between the number of electrodes used and the number of time samples needed for the PCA. The use of more electrodes inevitably requires more time samples for the analysis. Another limitation inherent to the use of PCA is that if the selected PCA component is not necessarily the first PCA component, then background activity which is represented by the preceding PCA component may impact a significant portion of the seizure activity features detected by the selected PCA component. In this case, because of orthogonality constraints, the selected PCA component may lack these important features of the seizure. However, in the current study we checked that the frequency band of the preceding PCA components was lower than that expected in an epileptic seizure, but see Lagerlund et al. (1997 Lagerlund et al. ( , 2004 and Dien et al. (2005) for a discussion of this potential problem and possible solutions.
The results presented in this work illustrate the positive contribution of a temporal-based source localization analysis of ictal EEG activity. The importance of PCA-LORETA lies in the fact that it integrates several methods into a relatively simple computational algorithm to achieve localization. Thus it represents a step forward in the online implementation of localization methods. The PCA-LORETA method can also be used to evaluate the propagation of the epileptic seizure to cortical areas far from the source. Extraction of PCA components, which are stable and exhibit seizure activity for relatively long periods after seizure onset, can be used for tracking seizure propagation.
